[1] Previous research has focused on predicting tropical cyclone (TC) size in near real time for individual storms. The purpose of this study is to develop models to explain interannual variations in mean Atlantic TC size, as measured by radius of maximum winds (RMAX) and radial extent of 34 knot winds (17 m s −1 ; R34), and to identify the nature of the relationship between various environmental and storm-related characteristics and TC size. Our analysis demonstrates that mean annual TC size varies systematically among the subbasins in the Atlantic and therefore it is inappropriate to develop a single model for TC size for the entire Atlantic basin. The most important variable for explaining variations in mean annual TC size is the maximum tangential wind (VMAX). VMAX is negatively related to RMAX in all subbasins and positively related to R34 in all subbasins except the Gulf of Mexico, suggesting that years with more intense TCs tend to have smaller (larger) than average RMAX (R34). Other factors, such as the relationships between sea surface temperature, sea level pressure, and Niño 3.4 suggest that environmental factors may play a secondary role in modulating mean annual TC size. Although there are some similarities with the models developed for predicting short-term changes in TC size, our results indicate that it is not appropriate to apply these models to explain variations in TC size at larger spatial scales and longer temporal scales.
Introduction
[2] It is well established that the potential damage a tropical cyclone (TC) can cause is proportional to the cube of the wind speed. An index commonly used to describe the potential destructiveness of TCs, the power dissipation index, was defined by Emanuel [2005] as PDI ≡ R (0, t)V max 3 dt, where V max is the maximum tangential wind speed and t is the lifetime of the TC. Although the area influenced by the TC is accounted for in the original formulation of Emanuel [2005] of total power dissipation, a simplifying assumption was made to remove it from the PDI because of the difficulty in obtaining historical data on TC size. TC size influences destructive potential because it is often related to the areal extent of a storm's precipitation field, which in turn impacts the extent of inland flooding risk [Weatherford and Gray, 1988] . Storm surge is also a function of TC size and larger TCs are generally associated with greater surge [Irish et al., 2008] . A recent study has shown that surge can vary by as much as 30% with realistic changes in TC size [Irish et al., 2008] . From a socioeconomic viewpoint, for a given intensity a larger TC may require a more expansive and longer-evacuation time scale than a smaller storm [Whitehead, 2003] . Therefore, larger TCs tend to be more damaging and more costly.
[3] Currently, the main source of operational guidance for TC size is a scheme that relies on climatology and persistence . The lack of available data on TC structure and TC size remains a significant challenge both for real-time applications and for long-term studies. Aircraft reconnaissance is the most accurate method for obtaining information on the TC wind field [Mueller et al., 2006] . However, these data are typically only available for TCs that are threatening the United States. Therefore, a number of additional methods for estimating TC size and structure have been developed. Demuth et al. [2004 Demuth et al. [ , 2006 derived a statistical method for estimating TC wind radii using parameters derived from microwave remote sensing. However, the spatial and temporal resolution of the microwave data limits their utility for real-time forecasting applications. To overcome this limitation Mueller et al. [2006] and Kossin et al. [2007] developed an approach using infrared (IR) satellite data to estimate TC size. The advantage of their approach is that IR data are available continuously over the tropics [Kossin et al., 2007; Mueller et al., 2006] . Kossin et al. [2007] developed three algorithms for estimating various metrics of TC size/structure. These algorithms utilize near real time using IR satellite data and three TC characteristics (maximum wind velocity (VMAX), age of the storm and latitude) to model changes in TC size. QuikSCAT scatterometer data has also been used to investigate TC size and to develop an understanding of TC size distributions [Chavas and Emanuel, 2010] . Unfortunately, QuikSCAT ceased to operate in November 2009 and has not been replaced. All of these approaches have strengths and weaknesses and the estimates of TC size can be quite disparate. For example, Dean et al. [2009] demonstrated that there is significant disagreement between the estimates of Demuth et al. [2006] and Kossin et al. [2007] of TC size. This study uses the estimates of TC size that are recorded operationally and are available in the Extended Best Track (EBT) data set (1988 to 2008) [Demuth et al., 2006] .
[4] Researchers have identified several factors that influence TC size, which include both external forcing and internal processes [e.g., Liu and Chan, 2002; Maclay et al., 2008; Weatherford and Gray, 1988] . Internal processes can lead to drastic TC size changes [Maclay et al., 2008] . One such process, known as an eye wall replacement cycle, is characterized by the development of a secondary outer eye wall that contracts until it replaces the existing smaller eye wall, which results in an expansion of the surface wind field [Willoughby et al., 1982] . This broadening of the surface wind field can be particularly dangerous when it occurs during landfall because of the increased coastal area that receives storm surge and wind damage. For example, Kossin and Sitkowski [2009] reported that Hurricane Katrina (2005) produced stronger and more damaging storm surge than expected because of the broadening of the wind field associated with the secondary eye wall. Statistical models have demonstrated success in diagnosis and short-term prediction of secondary eye wall formation in hurricanes [Kossin and Sitkowski, 2009] , but longer-range prediction with numerical models is challenging because of the stochastic nature and small scale of internal processes. The models of TC size developed by Kossin et al. [2007] for predicting short-term (6 h) changes in TC size are based on VMAX, age of the storm and latitude. Kossin et al. [2007] found that VMAX was the most important variable and that latitude and storm age were of lesser importance. As expected, VMAX is directly correlated with the radius of 34 knot winds (R34) (e.g., stronger storms are associated with larger R34) and inversely correlated with the radius of maximum winds (RMAX) (e.g., as the strength of the storm increases, RMAX decreases). Kossin et al. [2007] included the age of the storm (in hours) to account for the natural broadening of the wind field over time, and latitude was included to represent variations in the Coriolis force. Both storm age and latitude were found to be positively correlated with R34 and RMAX, but these relationships were only about half as strong as the relationship with VMAX [Kossin et al., 2007] . These three measures were supplemented by seven IR-derived variables which helped to reduce the error in the TC size predictions.
[5] While progress has been made in terms of developing real-time predictions of TC size and size change, little work has focused on predictability at larger spatial scales and over longer time periods. A study of northwest Pacific typhoons found interannual variability in average size could be related to annual variations in synoptic flow patterns [Chan and Yip, 2003] . Although this study only considered a 3 year sample, it suggests that external forcings may play a significant role in modulating annual average TC size over a given basin.
[6] This purpose of this study is to expand upon the analysis of Chan and Yip [2003] by examining annual variations in basin average TC size in the Atlantic, as measured by RMAX and R34. This study is motivated by the need for developing diagnostic models of TC size that are applicable at larger spatial and temporal scales than those previously developed for real-time forecasting applications [Kossin et al., 2007; Mueller et al., 2006] . This study was undertaken as part of a project investigating future risk from hurricane winds and surge. Future risk will be established using a series of models that consider changes in TC frequency, intensity and size for a variety of future climate scenarios and their joint impact on electrical infrastructure in the United States. Future risk will be assessed using data from general circulation models and models of annual TC frequency, intensity and size. It is unknown whether existing models that are employed for short-term predictions of TC size for a single storm are also appropriate for explaining mean annual TC size at the subbasin and basin scale. An improved understanding of interannual (and longer-term) variations in TC size has implications for examining future changes in risk from hurricane winds and surge, as well as for adaptation and coastal planning activities. This paper addresses two research questions. (1) Can diagnostic statistical models be developed to explain interannual variations in Atlantic TC size (e.g., R34 and RMAX)? (2) Which TC and environmental variables are useful for explaining interannual variations in TC size?
[7] Variations in R34 and RMAX are analyzed in relation to large-scale environmental conditions and other TC properties that have been previously found to influence TC size [e.g., Chan and Yip, 2003; Weatherford and Gray, 1988] . Section 2 identifies and defines the variables used in this analysis and provides background on the previous studies that motivated their selection. Section 3 describes the data sources, averaging techniques, and quality control procedures used. Simple linear correlations are used to examine the relationships between TC size and environmental and storm-related variables, the results of which are shown in section 4. Multiple linear regression was performed to develop diagnostic models, and the resulting models and validation results are presented in section 5. Section 6 describes some of the limitations of this study, and section 7 provides conclusions and a potential application of this work. [Irish et al., 2008] and the issuance of tropical storm and hurricane watches and warnings by the National Hurricane Center and Tropical Cyclone Conditions of Readiness (TCCOR) by Department of Defense installations. The downside of these metrics is that they are difficult to measure in situ and have only been available via satellite remote sensing methods for a little over a decade . Other size metrics attempt to classify the complete size of a TC system (i.e., the radius to the boundary between the TC environment and the ambient environment) and include the radius of the outermost closed isobar (ROCI) and the outer radius (R 0 ) [Dean et al., 2009] . Dean et al. [2009] define the outer radius of the storm (R 0 ) as the radius where fluctuations in the surface wind field can no longer be directly associated with the tropical storm.
Variable Selection
[10] The two size parameters considered in this study are RMAX and R34. Both are measures of TC size that are recorded operationally and are available in the Extended Best Track (EBT) data set [Demuth et al., 2006] . In addition, annual average values of RMAX and R34 in the Atlantic are not significantly correlated at the 95% level (r = 0.08) using a two-sided Student's t test, suggesting that they represent independent measures of TC size over the temporal (i.e., annual) and spatial (i.e., Atlantic basin) scales considered in this analysis.
Independent Variables: Environmental and Storm-Related Parameters
[11] Several environmental factors have been identified as influencing TC size as well as size change. Emanuel [1986] developed a steady state analytical framework to describe the maintenance of mature TCs. In this framework, it was expected that as sea surface temperature increased, the extent of the outer winds (e.g., R34) would also increase. Prior studies in the northwest Pacific basin found that larger typhoons, as measured by metrics similar to R34, tended to form within a broad, strong monsoon "gyre" [Liu and Chan, 2002; Weatherford and Gray, 1988] . Monsoon gyres are characterized by broad low pressure and cyclonic vorticity at low levels. In an observational study by Maclay et al. [2008] , statistical testing indicated that vertical shear was one of the most significant environmental forcings associated with increases in TC inner core kinetic energy, which is a measure of both TC size and intensity. According to Maclay et al. [2008] the relationship between shear and TC size is dependent upon the strength of shear. Weak shear is associated with increases in TC intensity, but not TC size. Moderate shear is associated with increases in TC size and lesser increases in TC intensity. Strong shear is not associated with increases in TC intensity or TC size. Recently, idealized numerical experiments were used to show that dry environments produced simulated TCs with less precipitation outside the core, a narrow potential vorticity distribution, and a smaller radial extent of the tangential wind field [Hill and Lackmann, 2009] . There is typically less TC activity in the Atlantic and TCs tend to be weaker during El Niño events because of increased upper level westerly winds and an associated increase in vertical wind shear [Emanuel et al., 2008; Gray, 1984] . Kimball and Mulekar [2004] demonstrated that mean TC size is also smaller during El Niño years because of the larger proportion of weaker storms. On the basis of these prior studies, the environmental variables considered for this study include sea surface temperature (SST), 850 mbar vertical vorticity (VOR), mean sea level pressure (MSLP), 850-200 mbar vertical shear (VSHR), 600 mbar relative humidity (RHUM), and Niño 3.4 SST anomalies (N34).
[12] Past work also suggests that certain storm-related characteristics may influence the size of a TC [Kossin et al., 2007; Mueller et al., 2006] . The modeling framework developed by Emanuel [1986] indicates the size of outer core winds (e.g., R34) in a TC should increase as TC intensity increases, although observational analyses have found this correlation to be weak [Merrill, 1984; Weatherford and Gray, 1988] . Conversely, observations show that a TC intensifies as its eye wall contracts and RMAX becomes smaller [Willoughby et al., 1982] . Energy balance arguments also suggest that TCs with smaller RMAX should attain stronger intensities [Shen, 2006] . TCs have been observed to grow as they move poleward and recurve [Merrill, 1984; Weatherford and Gray, 1988] , suggesting size may be a positive function of latitude. Asymmetries induced by fast forward speeds are also thought to lead to an increase in TC size [Schwerdt et al., 1979] . As such, several storm-related variables were also considered for their influence on annual average TC size, including intensity (VMAX), latitude of the center of the storm (TCLAT), and forward speed (TCSPD). A list of the independent variables used in this study is given in Table 1 .
Data
[13] TC-related variables, including TC size parameters (RMAX and R34) and TC characteristics (VMAX, TCLAT and TCSPD) were obtained from the Extended Best Track (EBT) data set. Although certain measures of TC size, including radius of maximum winds and R34, are routinely estimated by the National Hurricane Center (NHC), these data are not included in the official records of Atlantic tropical storms and hurricanes, known as HURDAT. The [14] The EBT provides a single value for VMAX, TCLAT, RMAX and TC position (from which TCSPD is computed) and TC radii (i.e., R34, R50 and R64) are provided in all four quadrants (northeast, northwest, southeast, southwest) at each 6 hourly forecast time. In this study, a mean value for R34, R50 and R64 at each forecast time was calculated by averaging the radii from all four quadrants, with the requirement that at least one radius must be reported to compute the average. Radii data were quality controlled so that physical conditions inherent in the TC radial wind profile (R64 ≤ R50 ≤ R34) were maintained. Size estimates east of 55°W were deemed less reliable because of the lack of aircraft reconnaissance data and hence were not used [Demuth et al., 2006; Knaff et al., 2007] . Extratropical cases, as identified in EBT, were also excluded from the analysis because when a TC goes through extratropical transition, it undergoes significant structural changes and begins to interact with its environment in different ways [Jones et al., 2003 ]. In addition, observations over land and those that did not occur between 1 June and 30 November were also excluded from the analysis.
[15] The version of the EBT used in this study includes Atlantic TC size data from 1988 to 2008. These data include 8859 distinct forecast times. The quality control measures described above were applied to the EBT data and entries were removed that were: east of 55°W (3342), extratropical (1082), over land (937), before 1 June or after 30 November (282) and those that failed the logic test R64 < R50 < R34 (24). Some cases failed more than one of the quality control criteria. A total of 4665 cases were removed by quality control, reducing the original 8859 cases to 4194. Since the EBT size data are estimated from operational measurements, RMAX and R34 values are not necessarily available at each forecast time. After removing cases missing relevant TC size data, a total of 3634 (3071) RMAX (R34) values were retained for analysis. The number of valid cases retained per year is shown in Figure 1 .
[16] The large-scale atmospheric variables used in this analysis were derived from the daily NCEP/NCAR Reanalyses [Kalnay et al., 1996] . The time period of interest for this study is the Atlantic hurricane season. As such, all variables were averaged from 1 June to 30 November to obtain a single value for each hurricane season . For convenience, these are referred to as annual values in this paper, although they are technically hurricane season (June to November) values. MSLP and RHUM were available directly from the reanalyses, and VSHR and VOR were computed from the horizontal wind fields. Atlantic SST are from the National Oceanic and Atmospheric Administration (NOAA) Extended Reconstructed Sea Surface Temperature V3b data set and they were obtained from NOAA's Earth System Research Laboratory (http://www. esrl.noaa.gov/psd/). Niño 3.4 sea surface temperature anomaly (N34; 5°N to 5°S, 170°W to 120°W) data were also obtained from NOAA's Earth System Research Laboratory (http://www.esrl.noaa.gov/psd/).
[17] TC size has been shown to vary by subbasin within the Atlantic [Kimball and Mulekar, 2004] . Therefore, the Atlantic (ATL) was divided into three subbasins: Caribbean (CAR), Gulf of Mexico (GMX) and North Atlantic (NAT) (Figure 2 ). An areal average of VSHR, VOR, RHUM and SST were computed for the Atlantic study region and the three subbasins. Since the area covered by each NCEP/ NCAR Reanalyses grid cell varies as a function of latitude, it is not appropriate to calculate an unweighted arithmetic mean based on equal weighting of all grid cells that are within the ATL and the three subbasins. An unweighted mean places too much (little) emphasis on higher (lower) latitude grid cells. Therefore, an area-weighted mean was calculated for each subbasin by weighting each grid cell by the area of the grid box divided by the average grid box area in that subbasin. Therefore, the influence of each grid cell on the mean is proportional to its area.
[18] Descriptive statistics of RMAX and R34 in each of the three subbasins and over the entire Atlantic are shown in Table 2 . Mean annual RMAX and R34 are smallest in the Caribbean subbasin. The Gulf of Mexico has the largest mean annual RMAX values, although values are similar to Figure 1 . Number of valid cases per year for radius of maximum winds (RMAX) (white) and R34 (black). those in the North Atlantic. R34 is largest in the North Atlantic, which may be due to the larger number of recurving TCs with asymmetric and expanding wind fields in that subbasin. The Gulf of Mexico has the largest variance in mean annual values of RMAX and the North Atlantic has the largest variance in mean annual values of R34. These statistical differences motivate the use of different spatial domains (i.e., entire Atlantic basin and the three subbasins) in the following analyses.
Correlations
[19] As a first step, linear correlations between annual average RMAX and R34 and each of the potential predictors were examined for the entire basin and each of the three subbasins (Tables 3 and 4 , respectively). Correlations were considered significant if the Pearson correlation coefficient (r) was statistically significant at the 95% level using a twosided Student's t test. Before correlations were computed, an outlier analysis was performed on the TC size parameters (RMAX and R34) to identify any values greater than 3s from the mean. Only one outlier was identified. The annual average RMAX in the North Atlantic (NAT) for 1988 was 3.9s larger than the sample mean. Further examination revealed that there were only three valid RMAX measurements in the EBT in 1988. This year was excluded from the correlation and regression analyses for RMAX in the North Atlantic because of the small sample size.
[20] The only predictor found to be significantly correlated with RMAX in the Atlantic and all three subbasins was VMAX. The negative sign of the correlation coefficient suggests that years with more intense (less intense) TCs tend to have smaller (larger) mean RMAX. This relationship has been shown for individual TCs [Shen, 2006; Willoughby et al., 1982] . This result also agrees with the findings of Kossin et al. [2007] and it suggests that the relationship they identified for short-term prediction of TC size also holds true when annual basin-averaged TC size data are considered. In agreement with Kossin et al. [2007] , VMAX is the most important variable for explaining variations in RMAX. There is, however, marked variation in the strength of the relationship between VMAX and RMAX across the subbasins. The strongest correlation is found in the Caribbean and the weakest correlation is in the North Atlantic.
[21] In the Caribbean subbasin, RHUM is also significantly correlated with RMAX. The positive sign of the correlation coefficient suggests that increases in Caribbean midlevel relative humidity are associated with increases in mean RMAX. This result also agrees with previous findings for individual TCs [Hill and Lackmann, 2009] , at least in an idealized modeling framework.
[22] VMAX is also the only predictor found to be significantly correlated with R34. The correlation is significant in all domains except the Gulf of Mexico and is positive, suggesting that years with more (less) intense TCs are 
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associated with larger (smaller) mean R34. Although the structure of the wind field tends to differ from storm to storm, the shape of the wind field is generally such that wind speed decays outside of RMAX. Hence, as TC intensity increases, the radial extent of the 34 knot wind field (R34) is generally expected to expand, providing a physical rationale for this statistical correlation. The sign and strength of the correlation between VMAX and R34 are in agreement with the findings of Kossin et al. [2007] . As with RMAX, there is substantial variation in the strength of the relationship between VMAX and R34 across the subbasins. The strongest correlation is in the Caribbean and the weakest correlation is in the Gulf of Mexico.
[23] Although correlations with the other variables are not statistically significant (at the 95% level), they still provide some insights. There is a moderate positive correlation between SST and R34 in the ATL and all subbasins. This correlation suggests that years with elevated SSTs are associated with increases in TC size. This finding is in agreement with the theoretical modeling work of Emanuel [1986] . There also is a consistent negative correlation between N34 and R34. This correlation suggests that years associated with lower than normal SSTs in the eastern equatorial Pacific are associated with large TC sizes in the Atlantic and all subbasins. As demonstrated by Kimball and Mulekar [2004] TC size is also larger (smaller) during La Niña (El Niño) years. This may be due to the larger proportion of stronger (weaker) storms. Finally, there is a consistent negative correlation between MSLP and R34 in the ATL and all subbasins. This indicates that years with lower than normal MSLP are generally associated with larger storms. Similar to N34 we expect that this may be due to the larger proportion of stronger (weaker) storms during years with lower (higher) MSLP [Knaff, 1997] .
[24] It is also notable which variables are not strongly correlated with R34. In contrast to the findings of Kossin et al. [2007] , latitude was not a significant predictor of TC size. The sign of the correlations between R34 and latitude were variable and the strength of the correlations was weak across the three subbasins. There was also not a strong or coherent relationship between the forward speed of the storm and mean annual variations in R34. These findings illustrate that it is inappropriate to apply models that were developed to forecast short-term changes in TC size to explain/predict TC size at larger spatial scales and longer temporal scales.
Model Development
[25] Multiple linear regression (MLR) was used to develop diagnostic models of RMAX and R34 over the Atlantic and each of the three subbasins. Collinearity between predictors can make it difficult to estimate the contributions of individual predictors [Neter et al., 1989] . Hence, prior to performing MLR, multicollinearities were reduced by identifying all pairs of variables whose correlation coefficient values were significant at the 95% level using a two-sided Student's t test and eliminating the variable that was least correlated with TC size (Tables 3 and 4) .
[26] A forward stepping procedure was used to determine the final models. For this procedure, all independent variables (after reduction of collinearities) are entered into the regression model. For each step, the independent variable with the largest p value is removed and the model is recalculated. The forward stepping ceases once every independent variable has a p value of less than or equal to 0.05. Since only 21 years of TC size data are available in the EBT data set, there is a potential for overfitting the data, especially if too many predictors are included in our models [DelSole and Shukla, 2009] . The methodology outlined here resulted in models that were a function of no more than two predictors, which suggests overfitting has been minimized. [Willmott, 1981] ).
[27] Models are evaluated based on their physical interpretation. Goodness of fit is assessed using mean absolute error (MAE), coefficient of determination (R 2 ), and index of agreement (d [Willmott, 1981] ). Since the EBT data set only includes 21 years of TC size data, a leave-one-out crossvalidation procedure, similar to the approach used by Gray et al. [1992] , was employed to estimate the diagnostic skill of the developed models.
RMAX Models
[28] MLR yields a model for RMAX that is a function of VMAX. The resulting model equation for RMAX over the entire Atlantic basin is RMAX ATL = 49.67 − 0.24*VMAX. The coefficient for VMAX is negative, indicating that a year with more intense TCs should have a smaller mean RMAX. As discussed in section 2, this result is consistent with observations [Willoughby et al., 1982] and theoretical calculations [Shen, 2006] for individual TCs. In addition, this model compares favorably with the RMAX model developed by Kossin et al. [2007] . Model-derived versus observed annual mean RMAX is shown in Figure 3 (left) . Statistical measures for goodness of fit for the Atlantic RMAX model are shown in Table 5 . The coefficient of determination for the developmental (cross validated) sample is R 2 = 0.22 (0.10), the mean absolute error is 3.7 nautical miles (4.0 nautical miles) or 10.5% (11.5%), and the index of agreement is d = 0.60 (0.51). While the coefficient of determination is relatively small, it compares favorably with the RMAX model (R 2 = 0.20) of Kossin et al. [2007] . The decrease in R 2 and d in the cross validation suggests that the model is overfitting the developmental data, a problem that is common when regression is used on small samples. The goodness of fit for the cross-validated data are likely more representative of the true skill of the model.
[29] The previous correlation analysis results in Table 2 show that the relationships between TC size and the candidate predictors differed significantly by subbasin. Hence, Figure 4 (left). Comparison of the subbasin models shows a robust negative relationship between annual average RMAX and VMAX that was also present in the model for the entire basin. The goodness of fit (Table 6) , as measured by R 2 and d, of the subbasin models are somewhat better than for the whole basin model.
R34 Models
[30] The model developed for the North Atlantic for R34 is also solely dependent on VMAX. The resulting model equation for R34 over the entire Atlantic basin is R34 ATL = 47.19 + 0.89*VMAX. The positive coefficient suggests that seasons with more intense TCs should have a larger mean R34. This relationship is likely related to R34 being defined as the radial extent of a fixed wind speed. As a TC intensifies, generally both inner and outer core winds will intensify which will lead to an outward expansion of the 34 knot winds. Hence, it is not surprising that a year with more intense Atlantic TCs will also have a larger mean R34. A similar result has also been found for individual TCs, although their results were based on TCs in the western Pacific [Weatherford and Gray, 1988] . Model-derived versus observed annual average R34 is shown in Figure 3 (right). Statistical measures for goodness of fit for the Atlantic R34 model are shown in Table 7 and are similar to those for the Atlantic RMAX model. The coefficient of determination for the developmental (cross-validated) sample is R 2 = 0.30 (0.17), the mean absolute error is 9.3 nautical miles (10.2 nautical miles) or 8.7% (9.6%), and the index of agreement is d = 0.67 (0.59). Once again, the crossvalidated fit statistics suggest the model will have a lower level of diagnostic skill on an independent data set.
[31] The resulting model equations for the Caribbean (CAR), Gulf of Mexico (GMX) and North Atlantic (NAT) subbasins are R34 CAR = 40.06 + 0.97*VMAX + 1.93*RHUM, R34 GMX = 65.42 + 0.51*VMAX, and R34 NAT = 48.45 + 1.06*VMAX, respectively. Modelderived versus observed annual average R34 in the three subbasins is shown in Figure 4 (right). Comparison of the subbasin models shows a robust positive relationship between annual average R34 and VMAX. The Caribbean model is also a positive function of RHUM, suggesting midlevel humidity may be related to TC size (as measured by R34) in that region [Hill and Lackmann, 2009] . The goodness of fit of the derived models was found to vary between subbasins (Table 8) [32] It is hypothesized that the MLR approach used here appears to work best in the Caribbean subbasin because TCs in that region are more "well behaved." In the Caribbean, TCs have fewer interactions with land, midlatitude fronts and easterlies, and oceanic inhomogeneities (e.g., the Loop Current in the Gulf of Mexico) that are not represented in our models. Hence, we might expect the models to work best in the Caribbean. This is purely conjecture, however, and further work is needed to further understand the atmospheric and oceanic processes related to TC size variations on large spatial and temporal scales so that potential predictability can be accurately assessed.
Limitations
[33] Our analysis has demonstrated that it is possible to develop statistically significant models of mean annual TC size for the Atlantic and its subbasins. However, there are some important caveats that should be kept in mind when attempting to interpret or apply these results. The small sample size (i.e., 21 years) is a major limitation in attempting to fit robust statistical models. The small sample size leads to instability in the multiple regression models, as demonstrated by the decrease in accuracy of the crossvalidation models. It would likely require about 20 more years of data to adequately address this problem. There are also potential issues with the quality of the TC size data. As noted above, TCs east of 55°W were deemed less reliable because of the lack of aircraft reconnaissance data and hence were not used. Generally, the EBT estimates of TC size (e.g., R34 and RMAX) will be more reliable for TCs that are closer to land and those for which aircraft reconnaissance data are available. Although there are other TC size data sets, such as those developed using microwave [Demuth et al., 2006] , infrared [Kossin et al., 2007; Mueller et al., 2006] and scatterometer [Chavas and Emanuel, 2010] satellite data, all ), and index of agreement (d [Willmott, 1981] Kossin et al. [2007] . Therefore, the results of this analysis may be partially dependent on our usage of the EBT to provide estimates of TC size.
[34] There is also evidence that the results of this analysis are somewhat dependent on the quality control procedures. To maximize the available data, this study used all cases from the EBT that had at least one valid R34 radius (i.e., at least one of the four quadrants). However, when a more restrictive requirement of two, three or four quadrants is employed, this has an impact on the strength of the correlations (results not shown). A preliminary sensitivity analysis demonstrated that the correlations are relatively stable (compared to the method we used) until only cases with valid wind in all four quadrants are considered. This is not surprising since there are only 2492 cases that have a valid R34 in all four quadrants. We also performed a sensitivity analysis to examine whether the results of our analysis changed if we only included cases from the most active part of the hurricane season (August to October). Although the results are generally similar (the sign and strength of the relationships generally remains the same), some additional variables become statistically significant in the R34 models. Most notably, MSLP is statistically significant in the model for the entire Atlantic as well as in the NAT subbasin. In both cases the relationship is negative which suggests that decreases in MSLP are associated with increases in R34.
[35] This paper utilizes multiple linear regression models to examine the interannual variations in TC size in the Atlantic. Therefore, the physical inferences that can be drawn from these models are limited. Although the main findings of this paper agree with previous research in terms of the expected physical relationship to TC size, they still should be interpreted with caution. The sign and strength of the correlations provide insight and help to explain interannual variations in TC size, but do not provide direct physical insight. The spatial averaging (over the Atlantic basin or subbasins) and temporal averaging (over the hurricane season) may also complicate the interpretation and application of the results.
Summary, Conclusions, and Future Work
[36] Twenty-one years of Extended Best Track TC size data were used to develop models to explain interannual variations in mean Atlantic TC size (i.e., R34 and RMAX) and to identify the nature of the relationship between various environmental and storm-related characteristics and TC size. Our analysis demonstrated that mean annual TC size varies systematically among the subbasins in the Atlantic. Mean annual RMAX is largest in the Gulf of Mexico and smallest in the Caribbean. Mean annual R34 is greatest in the North Atlantic and smallest in the Gulf of Mexico. These variations suggest that it is inappropriate to develop a single model for TC size for the entire Atlantic basin.
[37] The most important variable for explaining variations in mean annual TC size is VMAX. The correlation was negative (positive) between VMAX and RMAX (R34), suggesting that years with more intense TCs tend to have smaller (larger) than average RMAX (R34). The correlation between RMAX and VMAX was significant at the 99% level in the Caribbean, and the correlation between R34 and VMAX was significant at the 99% level in all spatial domains tested except the Gulf of Mexico. Although correlations with the other environmental and storm-related variables were not strong, R34 had a positive correlation with SST in the ATL and in all subbasins, and a negative correlation with N34 and MSLP. This suggests that TC size is larger during years with warmer than normal SSTs in the Atlantic, La Niña conditions, and lower than normal MSLP. It is also notable that in contrast to previous work [e.g., Kossin et al., 2007] , latitude was not a significant predictor of TC size. This is probably partly because Kossin et al. [2007] focused on modeling TC size for an individual storm, rather than over a season.
[38] Diagnostic models of mean annual RMAX and R34 were developed using multiple linear regression. All of the models for RMAX (R34) were inversely (directly) related to ), and index of agreement (d [Willmott, 1981] ).
VMAX. All of the regression models ended up being solely functions of VMAX, with the exception of the R34 model in the Caribbean which was also a function of RHUM. The models developed in this study demonstrate that it is possible to develop skillful (relative errors were 10 to 20%) diagnostic models of mean annual TC size, particularly for R34. Although there are some similarities with the models developed for predicting short-term changes in TC size, our results indicate that it is not appropriate to apply these models to explain variations in TC size at larger spatial scales and longer temporal scales.
[39] This study is particularly important in the context of studying TC damage potential in changing climates. Size is an important factor in determining the destructive potential of TCs, and hence in order to estimate future damage potential it is necessary to parameterize TC size. The model developed for R34 suggests that if the average intensity of TCs were to increase (decrease) in future climate, we would expect average size, as measured by R34, to also increase (decrease). Dean et al. [2009] suggested that TC size, as represented by the outer radius (R 0 ), is lognormally distributed and hence can be parameterized by random sampling from a climatological distribution. Assuming the shape of the distribution of R34 does not change significantly at the same time, impact studies can randomly sample from a modified distribution to parameterize R34. This potential application will be further examined and tested in future work.
